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ABSTRACT This study proposes a novel approach that interprets missing values in meteorological observations as changes in data
reliability rather than as simple errors. It integrates them into the learning process of time-series forecasting models. Real-world
meteorological data can experience both random and long-term missing structural values, owing to factors such as communication and
sensor failures. This study analyzed data from the Jeonju and Gochang observatories to identify temporal patterns and characteristics
of missing values and to quantify changes in data reliability as a function of missingness rates and sequence length. Based on this
analysis, we designed a dynamic weighted mean squared error loss function, dyn wmse2, that combines missingness-mask-based
reliability weights with SHAP-based feature importance. The proposed loss function showed the highest prediction stability and lower
performance degradation than the existing MSE, MAE, Huber, and static WMSE loss functions, even in environments with increasing
missingness rates. The performance improvement was particularly noticeable in block-missing environments, suggesting their potential
for practical use in real-world observation systems. This study empirically demonstrated that designing a loss function and improving
the learning structure, rather than focusing on handling missingness, is an effective way to improve the reliability of time-series
forecasting.

Key words Solar radiation forecasting(d A} of| =), Missing data(‘d =), Dynamic weighted loss function(5-2] <x413+4~), SHAP(SHAP),
Time-series forecasting(A] 4| & ol =)

Nomenclature Wi : weight map derived from missingness

X(4): input time-window matrix r(i) : reliability coefficient based on missingness

M, , : missing-value mask ny : SHAP-based importance weight
07 : regularized SHAP importance
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A, f(i) : gradxinput attribution score
: scalar attribution
W yr0a (1) : dynamic weight using gradxinput

L dyn-wmse (graa) - COMparison dynamic weighted loss

L : lookback window length

F : number of input numerical features

o, B\ : regularization,control coefficients
Subscript

ANN : Artificial Neural Network

LSTM : Long Short-Term Memory

SHAP : SHapley Additive exPlanations

MSE : Mean Squared Error

MAE : Mean Absolute Error

Huber : Huber loss

dyn_wmse2 : Dynamic Weighted Mean Squared Error v2

LPWAN : Low Power Wide Area Network

PLR : Packet Loss Rate

KMA : Korea Meteorological Administration

ASOS : Automated Synoptic Observing System

ISO : International Organization for Standardi-

zation

EMS : Energy Management System
LME
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Fig. 2. Deep learning—based solar insolation prediction with
SHAP—driven reliability assessment
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Table 3. Parameter settings of the proposed dynwmse?2 loss
function Table 4. Random Missing Performance ANN
Parameter Symbol Value Remarks MSE Ratio
Dynamic Strength of loss 0.0 0.1 0.2 0.3 0.4
weighting {0.0, 0.1, | influence of SHAP dyn_wmse2
trength 8 118 | missing—data—based mierShiap) | 0-0590| 0.0779 | 0.1001 | 0.1158 | 0.1276
coefficient sample weights mae 0.0624| 0,098 | 0.1127 | 0.1418 | 0.1625
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_— Suppression of mse 0.0919 | 01298 | 0.1389 | 0.2088 | 0.199
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stabilization Aey 0.5 concentration in
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distribution wmse(mask*shap) | 0.3275 | 0.2554 | 0.3309 | 0.3524 | 0.3409
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Table 5. Random missing performance LSTM

MSE Ratio
loss 0.0 0.1 0.2 0.3 0.4
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(mask-+grdxinput) 0.0501|0.0743 0,1062 | 0.1154 | 0.1293
mse 0.0540 10,0872 | 0.1041 | 0.1188 | 0.1386
huber 0.0491 | 0,0841 | 0,1070 | 0.1078 | 0.1450
wmse(mask) 0.3519 | 0.3547 | 0.2768 | 0.3109 | 0.2876
wmse(mask*shap) | 0.3333 | 0,2679 | 0.3162 | 0.3768 | 0.3137
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(a) ANN (b) LSTM

Fig. 3. Performance degradation comparison under increasing
missing—data ratios
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Table 6. Block missing performance ANN

MSE Ratio
loss 0.0 0.1 0.2 0.3 0.4
dyn_wmse2
(mask+SHAP) 0.0448 [ 0,0594 | 0,0659 | 0.0751 | 0,0852
mae 0.0640 | 0,0750 | 0,1120 | 0,1180 | 0.1410
dyn_wmse
(mask-+grdxinput) 0.0830 | 0,0850 | 0.1320 | 0,1310 | 0.1530
mse 0.0820 | 0,0880 | 0.1250 | 0.1230 | 0.1730
huber 0.0840 | 0,0860 | 0.1450 | 0.1470 | 0.1790
wmse(mask) 0.2170 10,2270 1 0.2490 | 0.3910 | 0.3260
wmse(mask*shap) | 0.1790 | 0,2930 | 0.6000 | 0,3580 | 0,4100
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Fig. 4. Performance degradation comparison under increasing
block—missing durations
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